INTRODUCTION
Soils are inherently variable in space and time . Knowing this variability helps to establish proper soil and crop management and to ensure better use of available resources. Recent developments in sensing have led to an increase in surveys of spatial density of soil, and therefore better information regarding soil spatial and temporal variability (Doolittle and Brevik, 2014) .
Measurements of apparent electrical conductivity (ECa) provide high spatial data density and allow mapping in great detail. The ECa values reflect various soil properties such as water content, salinity and/or sodicity, clay content, organic matter content, depth to contrasting soil layers, soil compaction, and organic carbon content (Heilig et al., 2011; Martinez et al., 2009; Saey et al., 2008) .
Generally speaking, the more ECa surveys that are carried out in a given area the more information that is collected about the spatial variation of soil properties. Several approaches have been proposed to make information from several surveys usable for management decisions. Martinez et al. (2012) combined multiple electromagnetic induction (EMI) sensor surveys to include more information coming from the ECa variability using multiple regression analysis between the principal components of ECa and soil water content (SWC). Sudduth et al. (2003) claim that although temporal variability exists in soil ECa, the relative pattern of soil ECa distribution within a field is relatively stable.
Under this assumption, Hedley et al. (2009) delimited three management zones based on a high resolution ECa survey. Peralta et al. (2013) , Pedrera-Parrilla et al. (2014) , and Bonfante et al. (2015) have also used EMI to establish management zones. The delineation of management zones within a given field is one of the most common uses of EMI data (Vaudour et al., 2015) .
Information from several surveys is also of importance to check whether a variable shows a stable temporal pattern. Temporal stability in ECa data has been demonstrated using Spearman rank correlation (De Caires et al., 2015) , correlation coefficient between ECa in dry and wet soil conditions (Farahani et al., 2004; Pedrera-Parrilla et al., 2016; Serrano et al., 2013) , and map comparisons (Li et al., 2007) . One effective method of studying temporal stability of spatially and temporally variable soil properties consists in using principal component analysis (PCA) . PCA works by determining principal components (also called empirical orthogonal functions, EOFs) that are dependent only on spatial variables and can be added with temporally dependent coefficients to reproduce the original spatio-temporal data. In cases of well expressed temporal stability, a few principal components explain most of the data variability. Perry and Niemann (2007) used PCs to demonstrate temporal stability in the Tarrawarra soil moisture data set (Australia), and to reconstruct observed soil moisture patterns. Korres et al. (2010) found PCs in spatiotemporal data on surface soil moisture in CambisolStagnosol soils in Germany, where PC patterns were significantly correlated with patterns in soil properties. We are not aware of any applications of PCA to spatio-temporal datasets on soil ECa.
The first objective of this work was to apply PCA to check whether a temporally stable component could be found for ECa in sandy soils in a Mediterranean watershed, where soils are very dry for substantial periods of time during the year. The second objective was to determine if temporal stability information acquired from several ECa surveys could be used to better interpret results from a single survey in terms of relationships between ECa and soil water content.
MATERIAL AND METHODS
The experimental catchment, 'La Manga' (36° 52' 21" N, 5° 7' 44"W), is located in Setenil de las Bodegas, SW Spain, and covers 6.7 ha of a rainfed olive grove. The trees were planted in 1995 on a 7 × 7 m grid, with an average tree density of about 200 trees ha -1 . The mean elevation is 740 m a.s.l. and the landscape is hilly with a mean slope near 10% (Fig. 1) . The soil subgroup is an intergrade between Lithic and Typic Rhodoxeralfs (García del Barrio et al., 1971; Soil Survey Staff, 1999) , with a loamy sand texture and a maximum depth of 1.2 m to the calcarenite bedrock. In areas with weakly developed soils, such as the Setenil region, the rugged relief often leads to partial loss of the topsoil layer (Ibañez et al., 2015; Symeonakis et al., 2014) . This is a natural process aggravated by certain agricultural practices (eg tillage) (Gómez et al., 2009; Keesstra et al., 2016; Taguas and Gómez, 2015; Vanwalleghem et al., 2011) , leading to outcropping of the bedrock and to the appearance of localised zones where the humus-rich horizon rarely exceeds 0.1 m. The climate is Mediterranean, with a mean annual precipitation of 700 mm, where 75% of the rainfall occurs from October to May. The grove is under minimum tillage and weeds are controlled with chemical herbicides. The field was tilled in January 2011 and in March 2012. A gully draining the catchment from the SE towards the catchment outlet in the NW separates the two main subareas with different slopes and aspects.
Soil profile samples were collected in March 2011 at 41 locations on a pseudo-regular grid (Fig. 1) , using a 0.093 m diameter steel cylinder with a percussion drill. Soil samples were taken at intervals of 0.1 m from the surface down to 1.2 m, where possible. The samples were analysed in the laboratory for soil texture, stone content and bulk density (ρ b ). As a result of the shallow soil depth, samples were only available for the first two and three depth intervals at 90 and 52% of the locations, respectively. In order to obtain a spatially consistent soil data set for a homogeneous depth interval, the corresponding values of the first two intervals (0-0.2 m) were averaged. Texture was determined with the hydrometer method (Gee and Or, 2002) , stone content by conventional methods (Grossman and Reinsch, 2002) , and ρ b using the core method (Blake and Hartge, 1986) from undisturbed samples taken with 250 cm 3 stainless steel rings at 21 locations, evenly distributed over the catchment, at depths of 0.05 and 0.15 m, and averaged to obtain ρ b for the 0-0.2 m interval. The catchment was sampled on 18 occasions for gravimetric SWC (Fig. 2) at the 0-0.1 and 0.1-0.2 m depth intervals, at the same 41 locations, during two hydrological years (February 2011 -November 2012 , using a 0.05 m diameter Edelman auger, and the corresponding values of the first two intervals (0-0.2 m) were averaged.
At the same 41 locations where soil properties were characterised, ECa was measured on nine occasions (surveys 9, 10, 11, 12, 14, 15, 16, 17 and 18) using a DUALEM-21S EMI sensor (DUALEM, Milton, Canada). In addition, seven field-wide ECa surveys were conducted (surveys 10, 12, 13, 15, 16, 17 and 18) . All the available ECa data were included in the analyses. The DUALEM-21S works at a frequency of 9 kHz and is composed of four receiver coils located at distances of 1, 1.1, 2 and 2.1 m from the transmitter coil and arranged in horizontal-coplanar (H) and perpendicular (P) configurations (Dualem Inc. 2007 ), allowing simultaneous ECa measurements of four different soil volumes with different depths of exploration (DOE). DOE is defined as the depth at which 70% of the ECa response is obtained from the soil volume above that depth (McNeill, 1980; Callegary et al., 2007) . These values are approximately 1.5, 0.5, 3 and 1 m, respectively, for the above mentioned receiver coils.
The EMI soil sensor was placed in a non-metallic sled and pulled by an all-terrain vehicle (ATV) at a speed of 5-10 km h -1 . The DUALEM-21S was positioned inside the sled at a height of 0.075 m above the soil surface as a result of a wear-and-tear plate made of PVC which was mounted underneath the sled to protect it from abrasion by dry soil and stones. The ATV was equipped with a real time kinematic-differential GPS receiver (Trimble, Sunnyvale, CA) and a rugged Allegro-TK6000 field computer (Juniper Systems, Logan, UT) to simultaneously log ECa measurements, coordinates and terrain elevation once per second.
The average soil temperature, measured by a 5TE (Decagon Devices, Pullman, WA) sensor network , was used to standardise the ECa values to a reference temperature of 25ºC (Sheets and Hendrickx, 1995) . Because slightly negative ECa values were recorded in some instances, due to the low values measured and their narrow range in this field, ECa data were referenced to zero, after temperature correction, by subtracting the minimum ECa value from every ECa value. GPS coordinates were registered in WGS84 and transformed to the UTM projection ETRS89 datum 30N, with the software Utm9e-200803 (Núñez-Maderal, 2008) . The ECa data were filtered to remove possible outliers using the approach proposed by Simpson (2009) , and interpolated using ordinary point kriging (Goovaerts, 1997) to create maps for the ECa signal with a DOE of approximately 1.5 m. The interpolated maps (1 × 1 m) for the 7 ECa catchment-wide surveys were computed using the Vesper software package (Whelan et al., 2002) . All the variables were interpolated using ordinary kriging.
The spatial representativeness of each individual ECa map was characterised by quartiles. First (Q1) and third (Q3) quartiles were calculated in order to delineate three zones (Z1, Z2 and Z3) in the field and to group the 41 sampling locations according to this classification: Z1, locations with ECa < Q1; Z2, locations with ECa > Q3; and Z3, locations with ECa outside the data range for Z1 and Z2. Therefore, for each individual ECa map the field was classified based on quartiles (Z1, Z2 and Z3). An analysis of variance (ANOVA) was performed to check whether differences in measured soil data among the different zones were significant. Next a PCA was performed using Matlab (version R2009b, The Mathworks Inc., USA). This transformation consists of inferring independent linear combinations of the analysed variables (here ECa measured on different dates) which are called principle components (PC). The first PC explains the largest proportion of the total variance in the data and represents, in this case, the dominant spatial ECa pattern (Malinowski, 1991) . A PCA for the 7 ECa maps was calculated to obtain the dominant spatial pattern of ECa. Based on the spatial distribution of the first PC, the 41 sampling locations were then grouped into three new classes (C1, C2 and C3) based on the first PC quartiles. After that the stability of the quartile based classification was evaluated. The spatial classifications obtained from individual ECa maps were compared with the spatial classification based on the first PC.
An exponential model was fitted to the relationship between the nine ECa and SWC surveys for each sampling location i:
where: a and b are fitting parameters, the subindex i (i=1, 2, 3…41) represents the soil sampling location, SWC is the soil water content in kg kg -1 and ECa is the apparent electrical conductivity in mS m -1 . To quantify the precision of the fit, the coefficient of determination (R 2 ) and the root mean squared error (RMSE) between measured (ECa m ) and estimated (ECa e ) values were used.
The values of the fitting parameters were checked for significant differences between the three classified areas (C1, C2 and C3) and related to the first PC in order to fit a simple model to interpret the SWC distribution through the time-stable dominant spatial ECa pattern.
RESULTS
Soil texture at the site was dominated by a high and spatially uniform (CV = 5%) sand content. Averaged values for clay and stone content were 18 and 7%, with a standard deviation of 2.5 and 6%, respectively. The average ρ b value was 1.76 Mg m -3 , and standard deviation for the field was 0.10 Mg m -3 ; ρ b variations of this level are unlikely to significantly influence the ECa readings (Brevik and Fenton, 2004) . Stone content showed great spatial variability across the catchment, with higher stone contents occurring mainly on the south facing slopes, in the northern part of the catchment (Fig. 1) . The spatial distribution of averaged clay content is given as a location map (Fig. 3a) . The lowest clay content was found in the N part of the catchment, while in the SE part an area with higher clay content can be seen, as well as in a N-S fringe in the central part of the catchment. In the south facing area, the combined occurrence of the highest stone and the lowest clay contents is indicative of the great intensity of soil erosive processes in this area (Fig. 1) .
Point measurements generated distinctly different ranges of SWCs during dry and wet periods (Fig. 2) . Mean topsoil SWCs near or below 0.02 kg kg -1 were commonly found during summer (surveys 9, 15 and 16) and were overall associated with the highest CV, ranging from 31 to 50%. Mean SWCs over 0.11 kg kg -1 were observed during wet periods (surveys 10, 11, 13, 17 and 18) and corresponded with the smallest CVs, ranging from 11 to 19%. Surveys 12 and 14 showed intermediate mean SWC values and CVs.
Descriptive statistics of the nine ECa surveys revealed that surveys 17 and 18 had the highest mean ECa (Fig. 2) and the lowest CV (20%). An intermediate mean ECa and CV was found for surveys 10, 11 and 12, while surveys 9, 14, 15 and 16 presented the lowest mean ECa and the highest CV (50%), corresponding to dry soil conditions. The relationships between ECa and SWC data for each sampling location showed strong and statistically significant (p<0.005) correlations, with R 2 values ranging from 0.45 to 0.94 and a maximum RMSE of 11.5.
Descriptive statistics for the seven ECa maps also showed that surveys 17 and 18 had the highest mean ECa and the lowest CV, surveys 10, 12 and 13 had an intermediate mean ECa and CV, while surveys 15 and 16 presented the lowest mean ECa, corresponding to dry soil conditions. Results from the spatial representativeness analysis of each individual ECa map (Table 1) significant differences between the zones for clay and stone content, while no significant differences were found for ρ b . Clay content had significantly lower average values in Z1 as compared to Z2 and Z3 in five surveys, and significantly lower clay contents in Z1 as compared to Z2 in surveys 15 and 16. Average stone content values were significantly higher in Z1 as compared to Z2 in surveys 12 and 15. Nevertheless, average SWCs were only lower in Z1 than in Z2 and Z3 in survey 12. Surveys 15 and 16 were characterised by low SWCs, while survey 12 had intermediate to high SWCs. Therefore, when the SWC does not hamper the straightforward interpretation of clay and stone content, ECa is a tool to spatially classify these soil properties. Intermediate SWCs are required in this eroded and stony soil to distinguish significantly different zones.
Results from the PCA showed that the first PC accounted for 86% of the total variance of spatial soil ECa. Therefore, the first PC was considered as the time-stable dominant spatial pattern of ECa (Fig. 3b) . The first and third quartiles, -5.2 and 4.5 respectively, were used to group the 41 sampling locations in the following classes: C1, locations with PC1 < -5.2; C3, locations with PC1 > 4.5; and C2, locations with PC1 outside the data range for C1 and C2.
Evaluation of the quartile based spatial classifications for the 7 ECa maps (Table 2) indicated that classifications of Z1 and Z3 obtained from those single surveys were close to the spatial classification based on the first PC at field averaged SWCs > 0.11 kg kg -1 . Spatial classifications of Z2 differed from C2 for the 7 individual ECa maps, as compared to Z1 and Z2. Spatial classification (Z1, Z2 and Z3) of survey 10 showed the best overlap with spatial classification based on the first PC (C1, C2 and C3). The soil was surveyed in October, once the first rainfalls were recorded after the characteristic dry Mediterranean summer (Fig. 2) . Overall, the percentage of locations included in Z1 for the corresponding C1 was 87%, the percentage of Z2 in C2 was 69%, and the percentage of Z3 included in C3 was 81%. Percentages of locations for Z1 and Z3 in C2, and for Z2 in C1 were all lower than 13%. Although, the percentage of locations for Z3 included in C2 was 31%, indicating that this area is more variable in time, probably as a result of the higher clay contents.
Soil properties were substantially different among the quartile base classification of the first PC (C1, C2 and C3). The ANOVA test indicated significant differences (p<0.05) for clay and stone content, and no differences for ρ b among the classes (Table 1) . Class C2 showed significantly higher clay contents (19.33 ± 2%), causing significantly higher ECa values in this class as compared to C1 and C3. Stone content was significantly higher in C1 (10.75 ± 6%), where the lowest ECa values were found. Significant differences for SWC among the classes were only detected for survey 16, C2 showed significantly higher SWCs (0.018 ± 0.004 kg kg -1 ). This may be, however, the result of a small magnitude of SWC variation.
Based on the results from the averaged relationships between SWC and ECa (Fig. 4) , an exponential model was fitted for each sampling location using the data from the nine different surveys. Descriptive statistics for the fitting parameters a and b showed averaged values of 3.8 and 14.2, respectively. Parameter a doubled the CV and showed half the range of parameter b. The ANOVA test indicated that parameter a was significantly smaller in C1 as compared to C2 and C3. For parameter b no significant differences were found between the classes. Therfore, parameter a might be related to the soil properties that control the first PC pattern and classification, which is mainly the ECa. Parameter a showed lower values in the northern part of the catchment, in the area with low clay and high stone contents. Although the explored soil volumes for the ECa and topsoil measurements differed by several orders of magnitude and no strong correlations were expected, the relationship between the ECa and SWC data for each sampling location showed a maximum RMSE of 11.5 and a range of 0.45-0.94 for R 2 . These results showed clearly that these topsoil properties influence the SWC and ECa relationships; as significant differences between the classes were found for the studied soil properties and for the adjusted parameters.
The relationship between the first PC and parameter a was further analysed to interpret the link between the first PC and the exponential SWC -ECa relationships (Fig. 5) . As expected, an inverse relationship was obtained between parameters a and b. An inverse linear relationship was found between a and PC1 (R 2 = 0.62), indicating that the lower PC1 was, the smaller the ECa value when the SWC reached its maximum. The particular established relationship could be used to interpret SWC distributions through ECa measurements.
DISCUSSION
The ECa exhibited a strong temporal stability in this work. A single first PC was able to explain 86% of the spatial variability. This percentage of explained variability was larger than analogous values obtained in applications of PCA to soil water contents in previous studies. Korres et al. (2010) reported that their analysis resulted in one significant spatial structure (first PC) which explained 57.5% of the spatial variability connected to soil properties and topography. Similarly, Perry and Niemann (2007) found that the first PC explained about 55% of the spatial variance in soil water contents. One possible reason for this is that the variability of ECa during dry spells is mostly controlled by clay content which is obviously a spatially stable soil property. The high percentage of explained variability makes the first PC a promising variable to define management zones and predict spatial distribution of soil and crop properties, such as soil water content or yield. Other metrics of temporal stability also have high values. In particular, computation of correlations between ECa measured at the same location in two different surveys, as suggested by de Caires et al. (2015) and Serrano et al. (2013) , provided values of the correlation coefficient (R) from 0.75 to 0.97 in this work (data not shown). Spatial scales of ECa and SWC measurements differed by orders of magnitude. Besides, the DOE of the ECa measurements was larger than the soil depth for which water content was measured. Nevertheless, strong correlations were observed between ECa and SWC. One possible reason may be the correlative relationships between ECa measured with different coil configurations. For example, R between the different ECa signals and the selected one (1.5 m DOE) ranged from 0.75 to 0.95, indicating strong and significant (p<0.05) relationships for all survey dates (data not shown).
Relationships between averaged ECa and SWC values followed the exponential model; this type of relationship was observed in earlier works (Celano et al., 2011; McCutcheon et al., 2006; Mishra et al., 2014) . This exponential relationship held at SWCs below 0.11 kg kg -1 , but was not applicable at higher water contents, possibly because of the presence of complex vertical distributions of soil water content in the wet soil. The coefficients in the exponential relationship between ECa and water content at each sampling location varied with the first PC value. These findings indicate that no unique relationship existed between ECa and SWC for the entire study field, as noted by Islam et al. (2011 ), Pedrera-Parrilla et al. (2014 , and Robinson et al. (2009) .
The spatial pattern of ECa, represented by the first PC, was significantly related with soil properties in this work. In previous studies, Jawson et al. (2007) demonstrated a relationship between soil texture and the spatial and temporal variation in large-scale soil moisture patterns using PCA. Qiu et al. (2014) analysed the soil moisture variability of various spatial scales based on PCs, and connected the spatial patterns to topography and soil texture at the studied spatial scales. Our study indicated that the spatial pattern of ECa was related to clay, stone and soil water content. The lowest clay contents and SWCs, as well as the highest stone content, were located in the area that corresponded to C1. This particular spatial distribution of soil properties led to the lowest ECa values in this area.
Three distinct zones were established in this study. Literature shows that three is the most likely selected number of classes to represent soil spatial variability (Hedley et al., 2009; Jiang et al., 2012; Li et al., 2013) , while other authors defined only two zones (Bonfante et al., 2015 , De Caires et al., 2015 .
CONCLUSIONS
Temporal stability of electrical conductivity was determined using principal component analysis based on seven electrical conductivity surveys. The first principal component, which represented the time-stable dominant spatial electrical conductivity pattern in a sandy soil, was used to delimit three areas (C1, C2 and C3) with similar soil conditions.
1. Clay and stone contents were found to be spatially and significantly different among the classes, while soil water content was only spatially different for surveys at intermediate soil water contents. Clay content, soil water content and electrical conductivity showed the lowest values in C1, while stone content showed the highest values. No spatial differences were found for bulk density. Overall results indicated strong interactions among the analysed soil properties in this eroded and heterogeneous olive grove.
2. Relationships between averaged soil water content and electrical conductivity values were also explored. A clear exponential relationship between spatially averaged soil water content and electrical conductivity was found, although the relationship became indeterminate for water contents above 0.11 kg kg -1 . The exponential curve also modelled the above mentioned relationship at each sampling location.
3. The fitted parameter a showed a strong inverse relationship with the first principal component. Therefore, the fitted inverse relationship between parameter a and the first principal component can be used as a simple model to interpret SWC distribution through the time-stable dominant spatial electrical conductivity pattern.
4. These findings show that more than a single valid relationship is needed to fully characterise the entire field, and that physical topsoil properties influence the SWC and ECa relationships.
